Despite growing evidence that climate change will increase temperature variability and 16 the frequency of temperature extremes, many modeling studies that analyze the effects of 17 warming scenarios on cyanobacteria in lakes examine uniform warming temperature scenarios 18 without including any variability. Here, we used the one-dimensional hydrodynamic General 19 Lake Model coupled to Aquatic EcoDynamics modules (GLM-AED) to simulate 11 years of 20 nitrogen-fixing and non-nitrogen-fixing cyanobacterial biomass in Lake Mendota (Madison, WI, 21 USA). We developed climate scenarios with either uniform (constant) warming or variable 22 warming based on random sampling of daily air temperatures from either a normal or Poisson 23 33 Keywords: climate change; blooms; phytoplankton; GLM; Mendota; probability distributions 34 35 2008; Visser et al., 2016). Cyanobacteria have higher thermal optima than eukaryotic 70 phytoplankton (up to 35°C for most taxa; Reynolds 2006), so higher temperature variability 71
probability distribution. We found that while the median cyanobacterial biomass among repeated 24 simulations for each of the years was similar regardless of whether or not air temperature 25 variability was included in the climate scenarios, the randomly-sampled air temperature 26 distribution scenarios exhibited much greater variability in the year-to-year cyanobacterial 27 biomass estimates. Our results suggest that including temperature variability in climate scenarios 28 may substantially change our understanding of how climate warming may alter cyanobacterial 29 blooms over yearly to decadal time scales. To more effectively predict the range of possible 30 future cyanobacterial dynamics, both the magnitude and variability of warming must be 31 considered when developing climate scenarios for lake modeling studies. 32
Introduction 36
Freshwater lakes are responding globally to changing air temperatures (Chapra et Räisänen, 2002; Trenberth et al., 2015) . The magnitude and seasonality of predicted temperature 42 changes vary substantially among geographic regions and temporal scales (IPCC, 2014) . In the 43 north temperate latitudes of North America, warming is projected to be greater in winter than in 44 summer, with a substantial increase in extreme summertime heat events (Romero-Lankao et al., 45 2014). The effects of increased air temperature variability on freshwater ecosystems could 46 47 important that warming scenarios take temperature variability into account (Dillon et al., 2016) . 48
To date, most lake modeling studies have either applied a constant degree of warming in 49 their temperature scenarios (e.g., a uniform -1 to +4 added every day to the model driver data; 50 e.g., Elliott, 2010; Elliott et al., 2016) or derived warming projections from a suite of climate 51 models (Bruce et al., 2018; Elliott et al., 2006; Li et al., 2016) , though neither of these 52 approaches accounts for day-to-day variability in air temperatures . While some lake modeling 53 studies have used multiple temperature scenarios, most have not incorporated within-scenario 54 variability (e.g., Butcher et al., 2015) . Focusing on uniform temperature scenarios, defined here 55 as applying a daily increase in temperature in a constant way to all days in the simulation, 56 excludes the increased variability in air temperatures that is predicted to occur due to climate 57 change (IPCC, 2014; Romero-Lankao et al., 2014) . 58
Increasing mean air temperatures and temperature variability will likely play a substantial 59 role in shaping lake phytoplankton communities (e.g., Carey et al., 2012; Havens, 2008; Paerl 60 and Huisman, 2008; Visser et al., 2016a) . Phytoplankton are responsible for much of the primary 61 production in lakes, and are an important part of freshwater food webs (Creed et al., 2018; 62 Stockner and Porter, 1988; Vogt et al., 2017; Zwart et al., 2015) . Different phytoplankton taxa 63 have different temperature sensitivities (reviewed by Reynolds 2006) , which will influence their 64 growth rate responses to future temperature warming and its variability. High growth rates of 65 phytoplankton can result in blooms, which both degrade the aesthetic value of freshwater 66 ecosystems and contribute to toxic scums (Havens, 2008; Paerl et al., 2016) . In particular, air 67 temperature warming may increase the magnitude and frequency of cyanobacterial blooms 68 (Carey et 
Study site description 95
Lake Mendota is a large, dimictic, eutrophic lake in Madison, Wisconsin, USA (Table 1) . 96
Mendota has a history of summer (e.g., May -October) phytoplankton blooms that are 97 dominated by cyanobacteria and lead to degraded water quality and beach closures (Beversdorf 98 et al., 2013; Brock, 1985; Weirich et al., 2019 (Hipsey et al., 2013; 112 henceforth GLM-AED) to explore potential effects of air temperature warming on cyanobacterial 113 blooms in Lake Mendota. GLM simulates lake water and energy budgets, while AED simulates 114 dynamic water quality, including concentrations of nutrients (e.g., N, P) and phytoplankton 115 functional groups (e.g., non-nitrogen-fixing and nitrogen-fixing cyanobacteria). We chose this 116 model in part because meteorological drivers (e.g., air temperatures) can be easily modified to 117 simulate a variety of climate change scenarios. In addition, the model's low computational 118 requirements made it ideally suited for running a multi-year model simulation many times. We 119 ran GLM-AED over an 11-year period from 8 November 2003 to 31 December 2014 at an 120 hourly time step. This time period contains the most complete time series of observational data 121 available and includes representative climatic events for Mendota, including both flood and 122 drought years (e.g., 2010 and 2009, respectively; see Usinowicz et al., 2016) . 123
The GLM-AED uses meteorological and surface water inflow and outflow driver data to 124 produce a dynamic lake water and energy profile (Hipsey et al., 2019) . We compiled hourly 125 meteorological driver data from the full simulation period (2003-2014), including air temperature 126 (°C), wind speed (m s -1 ), relative humidity (%), short and longwave radiation (W m -2 ), and 127 precipitation (m d -1 ), from the North American Land Data Assimilation System (NLDAS-2). 128
Our model simulated three inflows to Mendota, two of which were based on observed 129 data from streamflow gauges at the Yahara River at Highway 113 (United States Geological 130 Survey [USGS] ID #05427850) and Pheasant Branch (USGS ID #05427948). The third inflow 131 ("Balance") was estimated as the difference between the gauged outflow (USGS ID #05428500) 132 volume and the two gauged inflows, and represented contributions to the water budget from 133 runoff, groundwater, and smaller tributaries. Gaps in daily flow data were filled using linear 134 interpolation, and all flow rates were transformed from USGS units of ft 3 s -1 to m 3 s -1 . Daily 135 surface inflow driver data were based on a combination of these observed and statistically-136 modeled flow rates (m 3 s -1 ), water temperature (°C), and inorganic and organic fractions of N, P, 137 and carbon (all mmol m -3 ; described below). Inflow water temperatures were based on available 138 gauge measurements. Missing water temperature data were estimated as a function of observed 139 air temperature using breakpoint regression between measured mean daily air temperatures and 140 measured water temperatures at the Yahara Highway gauge. Inflow water temperatures did not 141 vary among air temperature scenarios. Outflow data included flow rate from the USGS gauge for 142 the Yahara River outflow. Phytoplankton biomass in GLM-AED is simulated as a function of mortality, respiration, 179 nutrient uptake, and vertical movement. Zooplankton, which have rates associated with grazing, 180 respiration, predation, other mortality, and metabolism, graze upon phytoplankton (Hipsey et al., 181 2013 (Hipsey et al., 181 , 2019 . We used only parameters available in the default configuration of GLM-AED 182 v.2.1.8 (see Table A1 ). 183
Model calibration & validation 185
Initial calibration of the baseline GLM-AED model was based on previous GLM models 186 set up for Mendota ( (Table 2) . Calibration focused on parameters related to growth and respiration, including 199 optimum temperature, growth rate, and respiration-associated biomass losses (see Table A1 ). We 200 focused on epilimnetic (0-2 m depth) concentrations because this depth is where the majority of 201 cyanobacterial blooms occur (Weirich et al., 2019) . 202
We calculated multiple goodness-of-fit metrics (Table 2) We incorporated variability into the climate warming scenarios by randomly sampling 217 three different probability distributions (uniform, normal, or Poisson) to define the mean and 218 standard deviation of daily air temperature offsets applied throughout the model period. First, the 219 uniform scenarios applied a static, integer increase in daily air temperature relative to observed 220 air temperatures. The uniform scenarios ranged in integer offsets from +0°C to +5°C, and did not 221 include any air temperature variability. Second, air temperature offsets were generated by 222 sampling from a symmetric normal distribution centered around the mean of each integer air 223 temperature offset (+0°C to +5°C) with a standard deviation of 1°C ( Figure 1 ). For each day of 224 the model simulation, the air temperature offset was randomly drawn from the normal 225 distribution. For normal distribution scenarios with a mean increase of +0°C, daily air 226 temperature offsets could be cooler (up to -1°C) than the observed baseline temperature. Third, 227
we generated air temperature offset scenarios for three Poisson distributions. Warming scenarios 228 based on Poisson distributions had a mean normalized to be within 0.1°C of each uniform air 229 temperature offset from +0 to +5°C and a lambda (λ) equal to 2, 4, or 8 ("Tail 2", "Tail 4", "Tail 230 8", hereafter). These values of lambda were chosen because they represent a range of spread of 231 the Poisson distribution ( Figure 1) , and thus encompassed a range of variability for day-to-day 232 air temperature offsets. For the normal distribution and each of the Poisson distributions (the 233 "temperature distribution scenarios"), we ran 10 replicate model simulations to capture a range 234 of potential effects driven by day-to-day variability in the air temperature offset within the 235 distribution. Because the uniform scenarios applied the same air temperature offset each day and 236 the GLM-AED model is deterministic, no replicate uniform simulations were run. 237 238
Bloom quantification 239
We assessed the effects of the magnitude and variability of climate warming on 240 cyanobacterial blooms using two metrics: (1) the number of days per year that surpassed a bloom 241 threshold and (2) the maximum yearly cyanobacterial biomass. We also calculated the overall 242 median biomass across the 10-year simulation period and all scenario replicates. Metrics were 243 calculated separately for N-fixing and non-N-fixing cyanobacteria, and years were based on 244 calendar year (January 1 -December 31). For each metric, we estimated yearly values as the 245 median or maximum value among replicates for a given air temperature offset (e.g., +1, +2, 246 +3°C) and distribution. We used 5 µg L -1 (29. (Table 2) , indicating reasonable correspondence between the observed and modeled data. 285
We observed a much stronger correlation between the observed and modeled data for 286 non-N-fixing cyanobacteria than N-fixing cyanobacteria. For example, the validation RMSE for 287 non-N-fixing cyanobacteria was 8.9 mmol C m -3 , while the RMSE for N-fixing cyanobacteria 288 was 65.8 mmol C m -3 (Table 2) . Similarly, the Spearman's rho was 0.84 for non-N-fixing 289 cyanobacteria versus 0.38 for N-fixing cyanobacteria during the validation period and the 290 NMAE was 0.84 and 3.03 for non-N-fixing and N-fixing cyanobacteria, respectively. Goodness-291 of-fit metrics were generally much better for the model in the validation period than the 292 calibration period, likely because it was shorter in duration. 293 294
Effect of air temperature on surface water temperature 295
Epilimnetic lake water temperatures (1 m depth) varied with both mean air temperature 296 offset and the temperature distribution scenario used (Tables B1-4; Figure 3 ). Among all 297 scenarios, water temperatures warmed less than the mean air temperature offset: in the uniform 298 scenario, the mean summer water temperature increase across the 10-year simulation ranged 299 from 0.39 (+1°C air temperature offset) to 1.56°C (+5°C temperature offset) ( Figure 3) . 300
Maximum daily summer water temperatures were significantly warmer than the baseline for the 301 +1 to +5°C air temperature offsets (Table B1) , and median daily water temperatures were also 302 significantly different from the baseline for all +1 to +5°C temperature offsets (Table B2) . 303
Daily water temperatures varied among replicates in the non-uniform temperature 304 distribution scenarios (Figure 3 ), but the distributions of median daily epilimnetic water 305 temperatures across replicates at each temperature offset were not significantly different from the 306 uniform scenario (Table B3 ). However, the distributions of maximum daily epilimnetic water 307 temperatures were significantly different from the uniform scenario for the +2 to +5°C 308 temperature offsets for the normal and all Poisson distributions, one Poisson distribution was 309 significant at +1°C, and the normal distribution was always significantly different from the 310 uniform distribution (Table B4) , with much more variability in day-to-day water temperatures in 311 the non-uniform scenarios. 312 313
Effect of distribution on number of days exceeding the bloom threshold each year 314
Overall, we found that the median number of bloom days for both non-N-fixing and N-315 fixing cyanobacteria increased with air temperature warming among all temperature distribution 316 scenarios. In the uniform warming scenarios for non-N-fixing cyanobacteria, the median number 317 of days per year surpassing our defined bloom threshold increased by 289% for our lowest 318 temperature offset, +1°C, from 18 days per year (year-to-year range: 0-85 days) in the baseline 319 simulation to 70 days per year (year-to-year range: 16-109) for +1°C; by 211% to 56 days per 320
year (year-to-year range: 0-109) for +4°C warming; and by 119% to 40 days per year (year-to-321
year range: 0-67) for +5°C of warming ( Figure 4A ). 322
The median number of non-N-fixing bloom days per year also increased for the 323 simulations with non-uniform distributions of warming temperatures, with the greatest increases 324 in the median number of bloom days occurring in the "Tail 2" Poisson distribution (increased by 325 26 days at 4°C; 142% increase) and the lowest increase in the median number of bloom days 326 occurring in the "Tail 4" Poisson distribution (increased by 11 days at 4°C; 58% increase). The 327 "Tail 8" Poisson and normal distributions were intermediate, with an increase of 13 bloom days 328 (72% increase) and 25 days (125% increase) at 4°C, respectively, for non-N-fixing 329 cyanobacteria. However, the median yearly number of bloom days in the uniform scenario or any 330 of the temperature distribution scenarios (with the exception of +1°C for the uniform 331 distribution; Table B5 ) were not significantly different from the baseline, nor were the 332 temperature distribution scenarios significantly different from the uniform distribution (Table  333 B6). 334
While the model output indicated that non-N-fixing cyanobacteria increased overall with 335 warming air temperature despite not being significant, variability in cyanobacterial responses, as 336 assessed by the among-year range in the number of bloom days, was higher in the normal and 337
Poisson temperature distribution scenarios than in the uniform warming scenario ( Figure 5) . 338
While the among-year range in bloom days for the uniform distribution was 93 days (16 to 109 339 days per year) in the +1°C air temperature offset, the among-year range was 1.3 times higher 340 (123 days) in the normal and Poisson distributions (0 to 123 days per year). For the +5°C 341 temperature offset, the range for the normal and Poisson distributions was nearly two times 342 higher than the uniform distribution (123 days, 0 to 123 days per year and 67 days, 0 to 67 days 343 per year, respectively). A maximum range of 0 to 103 bloom days was observed for a single year 344 and temperature offset among replicates (2009, +3°C temperature offset; Figure 5 ). 345
We observed similar patterns in increasing median number of bloom days per year for N-346 fixing cyanobacteria in warming simulations ( Figure 4B ), despite this pattern not being 347 significant (Table B7 and While the median number of bloom days per year were generally not significantly 362 different between non-uniform and uniform distributions among temperature offsets for either 363 non-N-fixing or N-fixing cyanobacteria (Tables B5 and B7 , the maximum number of bloom days 364 per year exhibited more statistically significant differences among distributions, though not at all 365 temperature offsets (Tables B9 and B10 ). The greatest bloom duration in each of the non-366 uniform temperature distribution scenarios was significantly different from the uniform case for 367 at least one of the temperature offsets from +1 to +5°C, though not for all of the temperature 368 offsets or for both cyanobacterial groups (Tables B9 and B10 ). For N-fixing cyanobacteria, these 369 differences were most pronounced at +1°C warming and disappeared at the +4-5°C temperature 370 offsets (Table B9) . 371
For non-N-fixing cyanobacteria, most temperature distribution scenarios were 372 significantly different from the baseline at the +2°C and +3°C temperature offsets (Table B10) . 373
At higher levels of warming (3-5°C), more non-N-fixing cyanobacteria number of bloom day 374 values were statistically significantly different than N-fixing cyanobacteria values, with 6 out of 375 12 significant results for non-N-fixing cyanobacteria versus 2 out of 12 significant results for N-376 fixing cyanobacteria (Tables B9 and B10 ). For non-N-fixing cyanobacteria maximum bloom 377 days per year, the uniform distribution was only significantly different from the baseline scenario 378 for the +1°C temperature offset, while most temperature offsets were significantly different for 379 the non-uniform distributions, with the exception of the +5°C temperature offset for the Poisson 380
Tail 4 and Tail 8 scenarios (Table B11 ). For N-fixing cyanobacteria, the uniform distribution was 381 never significantly different from the baseline, while all four non-uniform distributions were 382 significant or marginally significant at +1-2°C of warming, 3 at +3°C, 2 at +4°C, and 3 at +5°C 383 (Table B12) . 384 385
Effect of distribution on peak yearly biomass 386
Similar to median number of bloom days for both N-fixing and non-N-fixing groups, 387 maximum yearly biomass exhibited notable year-to-year differences among temperature 388 distribution scenarios, but the among-year median of the maximum yearly biomass was not 389 significantly different among temperature distributions, other than for the Poisson distributions at 390 +5°C for non-N-fixing cyanobacterial (Figure 7 ; Tables B13, B14) nor across temperature offsets  391   within a distribution (Tables B15, B16 ). However, for both cyanobacterial functional groups, we 392 observed a large range in the year-to-year model output of biomass. Among both uniform and 393 non-uniform distributions, there was substantial variability among temperature distribution 394 replicates. For example, the Tail 2 and Tail 4 distributions at 4 and 5°C exhibited maximum 395 yearly biomass concentrations for non-N-fixing cyanobacteria that were lower than in the 396 baseline scenario (up to 44.5 mmol m -3 lower biomass than in the baseline). The output 397 distribution composed of the overall yearly maximum biomass among the 10 replicates for each 398 temperature distribution exhibited at least one statistically significant difference from both the 399 baseline scenario and the uniform temperature distribution for the nonzero temperature offsets 400 (Tables B17 to B20 ). While there were consistent statistically significant differences between the 401 non-uniform temperature distributions and the baseline scenario for non-N-fixing cyanobacteria 402 for between +1°C and +4°C temperature offsets (Table 17 ), these differences were often 403 marginally or not significant for N-fixing cyanobacteria (Table 19) . 404 405
Discussion 406
Our results suggest that incorporating temperature variability into warming scenarios for 407 simulation modeling may influence confidence in the magnitude and direction of cyanobacterial 408 bloom predictions. Randomly sampling air temperature distributions to generate warming 409 scenarios did not always reproduce the cyanobacterial biomass model output generated by 410 uniform warming scenarios, even if the overall mean air temperature increased by the same 411 offset, because the maximum biomass predicted was significantly different than the uniform scenario for several of these distributions (Tables B11, B12 , B18, and B20). Our analysis showed 413 that the projected number of bloom days per year and peak biomass concentrations for 414 cyanobacteria have roughly the same mean and median after aggregating across 10 years and 415 repeated random simulations, but that there was a difference up to 100 bloom days per year and 416 up to 300 mmol C m 3 maximum yearly biomass (median difference 128.4 mmol C m 3 for N-417 fixing cyanobacteria; 53.9 mmol C m 3 for non-N-fixing cyanobacteria) among individual 418 temperature distribution scenario replicates. In some cases, the impact of warming in the median 419 case was greatest at low levels of warming (+1 to +2°C temperature offset), and was rarely 420 significant at high levels of warming (+4 to +5°C; e.g., Table B20 ). This may be because 421 increased warming increases zooplankton grazing, nutrient limitation, or other factors that 422 constrain cyanobacterial growth. 423
Thus, including a reasonable amount of day-to-day air temperature variation when 424 applying a warming scenario to a lake model can moderate or even reverse the direction of 425 cyanobacterial responses in comparison to a baseline (non-warming) simulation. In some studies, 426 this could mean a decrease (or no change) in blooms with warming, in contrast to the expectation 427 of greater bloom incidence in a warmer future (e.g., Elliott, 2012) . The difference in the modeled 428 number of bloom days per year among the 10 replicates of the same non-uniform distribution 429 ranged up to 100 bloom days within the same year, which has large implications for predictions 430 of future blooms. A range of 100 bloom days per year (~3 months) represents approximately half 431 of the thermally stratified summer period from May to October for Lake Mendota. Given that 432 temperature variability will increase in the future due to climate change (IPCC, 2014; Romero-433 Lankao et al., 2014), temperature scenarios for bloom modeling should incorporate that 434 variability, even if it means that bloom predictions will become more uncertain. The number of 435 scenario replicates is thus important; using too few replicates may not capture the expected 436 median, and more replicates could reveal an even greater range in predictions. Including air 437 temperature variability may be especially important when modeling smaller lakes, which have 438 relatively low thermal inertia compared to larger lakes, oceans, and seas (Piccolroaz et al., 2015; 439 Stainsby et al., 2011; Ye et al., 2019) , and consequently may be more sensitive to variability in 440 warming temperatures. 441
We observed that our bloom metrics measured in individual years were less consistent 442 among years under non-uniform warming scenarios ( Figures 5 and 6 . This is likely because 443 water temperatures could vary substantially depending on the pattern of warming obtained via 444 random daily draws from the chosen distribution (Figure 3) , and the maximum daily values of 445 water temperature varied significantly for the normal and Poisson distributions at the +2 to +5°C 446 temperature offsets (Table B4) , thereby altering the timing of and frequency with which 447 cyanobacterial thermal optima are met. As a consequence of the process of random drawing from 448 a distribution, water temperatures in individual years may differ, on average, at any given 449 temperature offset. For example, for the Poisson Tail 8 distribution, the median summer water 450 temperature was 1.92°C warmer than the baseline in 2010 but 1.49°C warmer than the baseline 451 in 2011 for the +3°C temperature offset. For the uniform distribution, the median summer water 452 temperature was 3.14°C warmer than the baseline in 2010 and 2.66°C warmer in 2011 for the 453 +5°C temperature offset. We found that both inter-annual and inter-scenario variability in terms 454 of the maximum cyanobacterial biomass and number of yearly bloom days increased when 455 variable temperature warming distribution regimes were applied, relative to the uniform warming 456 scenario. 457
While non-N-fixing cyanobacteria showed a stronger warming response, particularly at 458 low levels of warming (+1-2°C temperature offsets), N-fixing cyanobacteria exhibited a much 459 greater range of responses among replicates in the randomly-sampled temperature distribution 460 scenarios than non-N-fixing cyanobacteria. The greater warming response of non-N-fixing 461 cyanobacteria at low temperature offsets may be due to the higher optimum temperature of the 2006), meaning that the group responded more quickly and strongly to warming water 465 temperatures, as was parameterized in our GLM-AED model (Table A1) These changes are often more pronounced in spring in the Northern Hemisphere due to warmer 479 winter temperatures (Duguay et al., 2006; Sharma et al., 2019) . Daily temperature variation, 480 particularly in winter, may also drive decreases in average lake water level (Yongliang et al., 481 2007; Yuan et al., 2015) , which could increase nutrient concentrations (Jeppesen et al., 2015) , 482 thereby indirectly altering cyanobacterial biomass. 483
Our investigation is limited in that we only evaluated two broad cyanobacterial functional 484 trait groups. While this functional group approach is common in many studies (e.g., between repeated trials. This would require more trials or more caveats about the results to 495 account for added uncontrolled variability in the model, but would eliminate the bias involved in 496 choosing a specific distribution for errors. Importantly, while our study only addressed 497 variability in air temperature, other meteorological and land use drivers, including nutrient inputs 498 and precipitation, will likely further increase uncertainty in bloom predictions. 499
This study provides evidence that the more variable the weather is from day to day, the 500 less certainty there is in the magnitude and direction of future change in cyanobacterial blooms. 501
While we found that the median cyanobacterial biomass and bloom days aggregated over 10 502 simulation years were approximately the same among all warming offsets and temperature 503 distribution scenarios, the maximum and minimum year-to-year predictions were very different. 504
Our analysis highlights that the range or uncertainty in cyanobacterial responses to warming 505 cannot be evaluated from a single deterministic simulation. This could be addressed by treating 506 every simulation study like a comparison of models of different climate change trajectories, such 507 as is being done by groups like the Inter-Sectoral Impact Model Comparison Project (ISIMIP; 508 isimip.org). While we only evaluated the effects of air temperature in this study, our results 509 suggest that other sources of meteorological variability could also be important, and we 510 recommend including additional meteorological drivers such as precipitation and wind speed in 511 future modeling work, which will likely be important for studying the variability of 512 
